Self-regulation refers to controlling our emotions and actions in the pursuit of higher-order goals. Although research suggests commonalities in the cognitive control of emotion and action, evidence for a shared neural substrate is scant and largely circumstantial. Here we report on two large-scale meta-analyses of human neuroimaging studies on emotion or action control, yielding two fronto-parieto-insular networks. The networks' overlap, however, was restricted to four brain regions: posteromedial prefrontal cortex, bilateral anterior insula, and right temporo-parietal junction. Conversely, meta-analytic contrasts revealed major between-network differences, which were independently corroborated by clustering domain-specific regions based on their intrinsic functional connectivity, as well as by functionally characterizing network sub-clusters using the BrainMap database for quantitative forward and reverse inference. Collectively, our analyses identified a core system for implementing self-control across emotion and action, beyond which, however, either regulation facet appears to rely on broadly similar yet distinct subnetworks. These insights into the neurocircuitry subserving affective and executive facets of self-control suggest both processing commonalities and differences between the two aspects of human self-regulation.
Introduction
Everyday life is full of situations that elicit or suggest spontaneous emotional and behavioural responses. Such impulsive responses or response tendencies, however, are often at odds with our overarching goals. Imagine, for instance, a situation where you are offered a tasty piece of cake, which elicits joy and the impulse to accept the offer, but which conflicts with your diet plan. In order for the diet plan to win, you need to exert top-down control over your stimulus-driven emotion and ensuing action tendency. Or think of loving parents being repeatedly frustrated by their child, who may need to struggle hard with themselves to stifle their anger and refrain from acting on an impulse for physical punishment. What these examples illustrate is that selfregulation, or the ability to cognitively control both our emotions and our actions, is crucial for attaining long-term or higher-level goals. Here we investigated the neural mechanisms behind this important mental faculty.
Cognitive emotion regulation (CER) refers to intentionally generating, enhancing, reducing, or stopping a given emotion. In experimental studies on CER, participants are typically confronted with emotional stimuli, such as pictures or film clips, and are then instructed to up-or down-regulate the stimulus-induced emotion using one of various strategies (Dörfel et al., 2014; Gross, 1998; Koole, 2009; Webb et al., 2012 ). In the above diet example, a useful down-regulation strategy might consist of reappraising the cake via a "non-consummatory transformation" (i.e., imagining odd or novel uses for the piece of cake, unrelated to consumption; cf. Hofmann et al., 2010) . Other effective CER strategies include suppressing the emotional response or mentally distancing oneself from the emotional scene via taking an observer perspective (Dörfel et al., 2014; Leiberg et al., 2012) . Cognitive action regulation (CAR), in turn, refers to intentionally withholding or stopping a prepotent action, often in combination with performing a competing alternative action. In our above diet example, CAR would be at work when you override the impulse to reach out for receiving the offered cake. For studying CAR in the laboratory, many experimental paradigms have been devised, ranging from simple response-inhibition tasks to tasks inducing conflicts between response alternatives to paradigms that require switching between tasks (see Section 2.1 for details).
At the heart of any such self-regulatory situation lies a conflict between a predominant but inadequate (goal-incongruent) response and a non-dominant but adequate (goal-conducive) one. Self-regulation, in turn, consists of biasing the decision toward the (initially) nondominant, adequate option by suppressing the dominant goal-incongruent one and facilitating the goal-congruent alternative. This topdown modulation in response to the perceived discrepancy between current and goal states has been suggested as the "common core" of emotion-and action-directed self-control (Cohen et al., 2013; Heatherton and Wagner, 2011; Muraven et al., 2006; Posner and Rothbart, 1998) . The assumption of common mechanisms across CER and CAR is supported by several lines of evidence: First, CER and CAR abilities in healthy adults have been found positively correlated (McRae et al., 2012; Schmeichel et al., 2008) . Second, this association is echoed by deficits across both domains in mental disorders characterized by impulsivity, such as substance abuse (Tabibnia et al., 2011) or attentiondeficit/hyperactivity disorder (Walcott and Landau, 2004) . Third, in children, CER and CAR abilities show common developmental trajectories and are both linked to parent-reported levels of children's selfcontrol (Carlson and Wang, 2007; Rothbart and Rueda, 2005; Simonds et al., 2007) . Fourth, practicing mindfulness meditation, a form of selfregulation training, has been shown to improve both CER and CAR (Chambers et al., 2008; Jha et al., 2010; Teper et al., 2013) . Fifth, similar (broadly defined) brain regions have been discussed as potential neural substrates of either regulatory domain. These regions include dorsolateral parts of the frontal lobes (inferior frontal sulcus/middle frontal gyrus [MFG] extending to the inferior frontal junction [IFJ] ), the dorsal premotor cortex (PMd), medial premotor regions (supplementary and pre-supplementary motor area [SMA, preSMA] ) extending to anterior midcingulate cortex (aMCC), regions around the intraparietal sulcus (IPS), and parts of the anterior insula/frontal operculum (aI/fO; cf. Buhle et al., 2014; Cieslik et al., 2015; Kohn et al., 2014; Niendam et al., 2012) . These lines of evidence have led some researchers to suggest that a set of executive functions, typically related to CAR, also mediate CER abilities (Hofmann et al., 2012; Schmeichel and Tang, 2015; Teper et al., 2013) .
Relatedly, it has been argued that both CER and CAR are implemented by a shared domain-general brain network devoted to cognitive (or executive) control (e.g., Buhle et al., 2014; Etkin et al., 2016; Rothbart et al., 2011; Schweizer et al., 2013) . This assumption appears plausible not only from the arguments listed above, but also because the CAR network is recruited by many different tasks that require effortful attention and cognitive control (Cabeza and Nyberg, 2000; Fedorenko et al., 2013; Müller et al., 2015; Niendam et al., 2012) . In fact, this versatility has led to these brain regions being labelled "multiple-demand network" (Duncan, 2010 ) -and CER might as well be just another instance of such demand for cognitive control. Others have further differentiated control-related regions into two relatively independent networks, a fronto-parietal and a cingulo-opercular one (Dosenbach et al., 2007; Power et al., 2011) , with especially the latter being implicated in self-regulation across emotion and action (Petersen and Posner, 2012) . This notion is in part based on observations indicating that the aMCC, a central node of this network, is preferentially involved in cognitive control, while the rostro-ventrally located anterior cingulate cortex is preferentially involved in emotion processing (Bush et al., 2000 ; see also Beckmann et al., 2009) . Although this long-held dichotomy has been repeatedly questioned and qualified (Etkin et al., 2011) , the available evidence still puts the aMCC in an optimal position for bridging cognition and emotion when it comes to self-regulation (cf. Posner et al., 2007; Shackman et al., 2011) .
In contrast, others have argued for another focal common neural substrate and proposed that ventrolateral prefrontal cortex (including fO and dorsally adjacent parts of right inferior frontal gyrus [IFG] ) constitutes the major convergence zone for CER and CAR in the brain, given its role in inhibition and the importance of inhibitory processing for both CER and CAR (e.g., Cohen et al., 2013; Cohen and Lieberman, 2010; Tabibnia et al., 2011) . Indeed, in a pioneering study, Tabibnia and colleagues found the only correlations of gray-matter volume with both CER and CAR abilities in right opercular IFG (Tabibnia et al., 2011) . More recently, using functional magnetic resonance imaging (fMRI) in abstinent heavy smokers, Tabibnia et al. (2014) found left IFG and preSMA jointly activated across three tasks taxing CER (reappraisal), CAR (stop-signal performance), and a combination thereof (resisting a smoking-related temptation). Finally, Lopez et al. (2014) recently reported that increased activity in left opercular IFG during CAR (go/no-go task) predicted resistance to food temptations in daily life.
Considering the inconsistency of earlier findings in a recent review on the neural basis of human self-regulation, Kelley et al. (2015) argued that one reason for this variability may be that "successful self-regulation involves many executive functions, each of which may have a neural signature that differs depending on specific task demands (e.g., controlling thoughts, reappraising emotion, or inhibiting prepotent responses during a Stroop task), and any one test of executive function may tap only one piece of a larger control system. Thus, a network-level approach may help delineate which systems are important for successful self-regulation." (p. 400). We fully agree with this evaluation and contend that meta-analysis is an ideally suited tool for testing the assumptions of domain-specific subnetworks and a potential domaingeneral part within a brain system for self-regulation.
In fact, the neural underpinnings of CER or CAR have been separately examined in several recent meta-analyses (e.g., Buhle et al., 2014; Cieslik et al., 2015; Kohn et al., 2014; Morawetz et al., 2017; Niendam et al., 2012) , but they have never been jointly analysed and directly compared on a meta-analytic scale. To close this gap and provide quantitative evidence for shared and disparate neural correlates of these two essential, seemingly related self-regulatory processes, we performed two large-scale meta-analyses of neuroimaging studies on CER and CAR, respectively, and tested for commonalities and differences. Subsequently, the connectional architecture of the ensuing metaanalytic networks was investigated in an independent data set at the individual-subject level by clustering domain-specific regions based on their functional connectivity in the resting state. Given that regions closely connected intrinsically (i.e. at rest) typically also "collaborate" during appropriate tasks (cf. Smith et al., 2009 ), a connectivity-based distinction of CER-and CAR-specific regions concurring with our metaanalytic results would corroborate the notion of two (partially) distinct networks. This approach also identified within-domain subclusters, possibly corresponding to functional modules. Both domain-general regions and domain-specific subclusters were functionally characterized using BrainMap database meta-data (www.brainmap.org; Laird et al., 2009) , statistically testing the quantitative association between mental functions ("behavioural domains") and regional brain activity across many studies. By combining these three lines of evidence (i.e., meta-analytic network identification and comparison, connectivitybased clustering of network nodes, and quantitative functional inference), we identified a general-purpose neural core network for selfregulation as well as preferentially emotion-versus action-related regulatory subnetworks.
Methods

Study selection for meta-analysis
We used a step-wise procedure to identify relevant neuroimaging studies ( Fig. 1 ; see Supplementary Methods for details). In brief, we performed a literature search using PubMed (http://www.pubmed.gov) and Web of Science® (http://apps.webofknowledge. com), supplemented by tracing references in topical papers, for experiments on CER that examined brain activity specifically associated with a task that required participants to intentionally up-or down-regulate their emotion in response to an affective stimulus (e.g., picture, film, story).
Acceptable experimental strategies for CER included (1) cognitive reappraisal of the emotional situation (e.g., re-interpreting tears as resulting from joy rather than sadness); (2) distancing from, or empathizing with, the emotional scene presented (e.g., adopting a thirdvs. first-person perspective or vice versa); or (3) suppressing the emotional response. For the meta-analysis on CAR, experiments were retained only if they examined brain activity associated with intentionally overcoming a predominant but inadequate action tendency. This included paradigms that required inhibiting responses (i.e., go/no-go and stop-signal tasks), solving response conflicts (i.e., Stroop, Simon, Eriksen flanker, stimulus-response compatibility, or other non-emotional interference tasks), adjusting responses to changing task rules (i.e., Wisconsin card sorting task), or switching between tasks. Finally, experiments were retained only if their results were reported as coordinates in a standard neuroanatomical reference space and if the data resulted from whole-brain group analyses comparing target and "highlevel" control conditions, aiming to minimize stimulus-or responserelated cognitive processing.
Based on these criteria, we identified 70 experiments as eligible for inclusion into the meta-analysis on CER (see Supplementary Table S4) , and 203 experiments for inclusion into the meta-analysis on CAR (see Supplementary Table S5 ). For supplemental analyses with comparable power between CER and CAR, we drew a subset of n = 67 CAR experiments using a stratified random sampling approach, which also ensured a commensurate number of experiments across different CAR task types (see Supplementary Methods).
Activation likelihood estimation (ALE)
Meta-analyses were performed using the current ALE algorithm for coordinate-based meta-analysis of neuroimaging results Eickhoff et al., 2009; Turkeltaub et al., 2012) implemented in Matlab (see Supplementary Methods for details). This algorithm seeks to identify brain areas whose activity converges across experiments more strongly than expected from a random spatial association using a permutation procedure (k = 10,000). The obtained non-parametric pvalues were thresholded at p < .05 (family-wise error-corrected at cluster level; cluster inclusion threshold at voxel level: p < .001; cf. Eickhoff et al., 2016) and transformed into z-scores for display. Results were anatomically labelled by reference to probabilistic cytoarchitectonic maps of the human brain using the Anatomy Toolbox (Eickhoff et al., 2005) of SPM8 (www.fil.ion.ucl.ac.uk/spm/software/spm8).
Commonalities between CER and CAR were examined by a conjunction analysis, which identifies voxels where a significant effect is present in two separate analyses. To compute the conjunction between two ALE analyses, we used the conservative minimum statistic (Nichols et al., 2005) , which is equivalent to identifying the intersection between the two (corrected) results.
For testing differences between CER and CAR, we first computed the voxel-wise difference between the respective ALE maps. A label-exchange permutation test (see Supplementary Methods for details) was performed to assess the significance of the observed difference in each voxel's ALE scores by thresholding at a posterior probability of P > .95 for a true difference between the two samples (Eickhoff et al., 2011) . Surviving voxels were inclusively masked by the respective main effect R. Langner et al. Neuroscience and Biobehavioral Reviews 90 (2018) [400] [401] [402] [403] [404] [405] [406] [407] [408] [409] [410] (i.e. the significant effect of the ALE analysis for the minuend; cf. Langner and Eickhoff, 2013) .
Hierarchical clustering on resting-state functional connectivity between CER and CAR nodes
Next, we aimed to (i) validate the distinctness of the meta-analytic CER-versus CAR-specific networks at the individual subject level, and (ii) identify subclusters, or "cliques," within either domain-specific network. To this end, we used resting-state functional connectivity (FC) as an independent measure of functional brain organization (Cole et al., 2014; Smith et al., 2009 ) and applied hierarchical cluster analysis to pairwise FC between all domain-specific clusters of convergence obtained from the two meta-analytic contrasts between CER and CAR (cf. Smith et al., 2013) . This way, we grouped all domain-specific network nodes in an independent, data-driven manner such that regions in the same group (or cluster) were as similar as possible as to their FC profile, while that profile was maximally different between the ensuing subclusters (cf. Amft et al., 2015) . The resulting cluster solution was then compared to the results of our meta-analytic contrast analyses and used to define sub-networks for subsequent meta-analytic functional profiling.
Interregional FC strength was computed from resting-state fMRI data of n = 192 adults (65% female, 20-75 years old, mean [ ± SD] age = 46.4 ± 16.7 years, no current psychiatric or neurologic diagnosis) of the publicly available enhanced NKI/Rockland sample (http:// fcon_1000.projects.nitrc.org; Nooner et al., 2012) . The analysis was approved by the local ethics committee of the Heinrich Heine University Düsseldorf. For details on data acquisition and preprocessing, please see Supplementary Methods.
For each participant, the BOLD signal time course of each domainspecific node (as obtained from the meta-analytic contrasts; cf. above) was extracted as the first eigenvariate of activity in those 50% of voxels of each node that had the highest probability of being located in gray matter. Gray-matter voxels were selected via median split of the graymatter probabilities of all voxels in a given node as provided by the segmentation of each participant's mean functional image performed with SPM8 (see Supplementary Methods for further details on preprocessing). Using the FSLNets toolbox (http://fsl.fmrib.ox.ac.uk/fsl/ fslwiki/FSLNets), partial temporal correlations between all regions' time series data were computed to estimate pairwise FC (Marrelec et al., 2006) . For each pairwise connection, Fisher's Z-transformed FC values were submitted to one-sample t-tests. The resulting t values, reflecting connection strength as well as consistency across the sample, were ztransformed (into units of the standard normal distribution) and then fed into an agglomerative hierarchical cluster analysis. For clustering, we used Ward's method as implemented in Matlab. This approach permits the heuristic identification of neurobiologically plausible and functionally interpretable subclusters within a given network.
Quantitative functional profiling
Brain regions involved in both CER and CAR, as well as the domainspecific subnetworks were functionally characterized by analysing the association of each region/subnetwork with descriptors for mental processes as provided by the BrainMap database Laird et al., 2013) . These descriptors indicate the "behavioural domain" of each experimental contrast included in the database according to a taxonomy with the following main categories: cognition, action, perception, emotion, and interoception (for subcategories, see www. brainmap.org/scribe). Our analysis was based on 8377 "normal mapping" experiments performed in healthy adults, excluding intervention studies and between-group comparisons.
The behavioural domain meta-data were analysed by way of quantitative forward and reverse inference ; see also Poldrack, 2011) . For forward inference, we tested whether the probability of finding activation in voxels of interest given a particular behavioural domain [P(Activation | Domain)] was higher than the baseline probability of finding activation there across the entire database [P(Activation)]. A binomial test assessed significance at p < .05, corrected for multiple comparisons by controlling the false-discovery rate (FDR). Reverse inference identified the most likely behavioural domains given activation in voxels of interest. This likelihood [P(Domain | Activation)] was derived from P(Activation | Domain), P(Domain) and P(Activation) using Bayes' rule; significance was assessed by chi-square tests (p < .05, FDR-corrected for multiple comparisons). 
Results
Meta-analysis on cognitive emotion regulation
The analysis of 70 experiments on CER revealed significant convergence in a broad network ( Fig. 2A ; see also Supplementary Table S1) comprising a large dorsomedial frontal region, extending from SMA/ preSMA to aMCC; bilateral aI/fO, inferior frontal gyrus (IFG), and lateral orbitofrontal cortex; bilateral posterior MFG and adjacent precentral gyrus; bilateral posterior temporo-parietal junction (TPJ), extending more anteriorly in the right hemisphere; as well as left posterior middle temporal gyrus (MTG).
Meta-analysis on cognitive action regulation
The analysis of 203 experiments on CAR revealed significant convergence in a broad network ( Fig. 2B ; see also Table S2 ) comprising a large dorsomedial frontal region, extending from SMA/preSMA further into medial superior frontal gyrus and aMCC; large bilateral prefrontalinsular clusters (covering parts of aI/fO, IFJ, IFG, and MFG); bilateral PMd; bilateral IPS extending to superior parietal lobule and primary somatosensory cortex (Area 2; Grefkes et al., 2001) ; right TPJ; left fusiform gyrus; as well as right anterior/medial caudate nucleus, anterior putamen, and thalamus (predominantly parts with prefrontal projections; cf. Behrens et al., 2003) . A supplemental analysis of a stratified random subsample of n = 67 CAR experiments, conducted to avoid any power bias in comparison with the CER sample, revealed essentially the same -if somewhat more focused -network (see Supplementary Figure  S1 ).
Brain activity shared between CER and CAR
A conjunction analysis using the strict minimum statistic revealed that significant overlap across both domain-specific networks was restricted to four clusters (Fig. 3A) : left aI/fO (cluster size: 236 voxels; peak voxel MNI coordinates: -42, 20, -4), right aI/fO extending into IFG (373 voxels; peak: 46, 18, -4), frontomedial cortex (778 voxels; preSMA peak: -2, 16, 54; aMCC peak: -4, 24, 30), as well as right TPJ (73 voxels; peak: 60, -46, 30; almost entirely located in cytoarchitectonically defined area PFm of the inferior parietal lobule, cf. Caspers et al., 2006) .
Meta-analytic differences between CER and CAR
Contrast analysis revealed significantly stronger convergence related to CER than CAR in the following brain regions (Fig. 3B , denoted in red; see also Table S3 ): dorsal SMA/preSMA; bilateral IFG extending into lateral orbitofrontal cortex; bilateral posterior MFG and adjacent precentral gyrus; bilateral posterior TPJ (inferior parietal lobule); and left posterior MTG.
The reverse contrast yielded significantly stronger convergence related to CAR than CER in the following brain regions (Fig. 3B , denoted in green; see also Table S3 ): ventral preSMA extending into right aMCC; bilateral aI/fO; bilateral IFJ and adjacent inferior frontal sulcus; bilateral dorsal IFG (mid-ventrolateral prefrontal cortex); bilateral PMd; bilateral IPS and adjacent primary somatosensory area 2 (in the left hemisphere); as well as right thalamus (prefrontally projecting parts; cf. Behrens et al., 2003) . Supplemental analyses using the above-mentioned subsample of n = 67 CAR experiments yielded essentially the same results for either contrast (see Figure S1 ).
Clustering on functional connectivity between CER-and CAR-specific network nodes
The hierarchical clustering based on resting-state FC between all domain-specific regions identified in the above contrast analyses grouped these regions into subclusters with strong within-cluster similarity (Fig. 4 , subclusters denoted in same colours). This data-driven grouping yielded three CER-specific and two CAR-specific subnetworks of 2-4 regions each. In addition, there was a somewhat larger third CAR-related subcluster comprising bilateral aI/fO, preSMA, right thalamus, as well as right and left (CER-related) aMCC.
Further agglomeration showed that all subclusters merged with each other first within their respective domain, in line with the metaanalytic results. Notably, the largest CAR-related subcluster joined the remaining ones only at the last junction of the hierarchical cluster tree (i.e., at its highest level). Thus, it was more dissimilar (in terms of internodal FC) from the other CER-and CAR-related subclusters formed up to that level than those subclusters were from each other. This may be due to the fact that all regions of that large subcluster, except for the thalamus, were directly adjacent to regions jointly involved in both CER and CAR (cf. above). Thus, even if the meta-analytic contrast analysis indicated a preferential association with CAR, these regions would still be linked to CER to some lesser degree. In summary, the data-driven FCbased clustering yielded a split into CER-versus CAR-specific regions, mirroring the meta-analytic differentiation (see Fig. 4 ).
Quantitative functional profiling of domain-general regions
We functionally characterized the four regions consistently active during CER and CAR alike (i.e., preSMA, bilateral aI/fO, and right TPJ) by performing forward and reverse inference on these regions' associations with behavioural domains as provided by the BrainMap database. The results are shown in Fig. 5 . In brief, left aI was activated by 567 out of 8377 eligible BrainMap experiments and significantly associated with different aspects of language-related cognition (semantics, speech, and -based on forward inference only -phonology). Right aI, activated by 630 experiments, was significantly linked to pain perception, action inhibition, and music-related cognition (the latter indicated only by reverse inference). The shared frontomedial cluster (preSMA/ aMCC), activated by 1509 experiments, was associated with action execution and working memory. Reverse inference indicated additional associations with speech-related cognition and speech execution, action inhibition, motor learning, as well as music-related cognition. Finally, the domain-general part of the right TPJ (activated by 92 experiments in BrainMap) was significantly linked to action inhibition and attention.
Quantitative functional profiling of domain-specific subclusters
For functionally characterizing the domain-specific subclusters we only considered experiments from BrainMap that activated at least two regions of a given subcluster (with the exception of the smaller twoelement TPJ subcluster). Of these two (or more) activated regions, at least one had to be non-homotopic with respect to other lateralized regions in that cluster. This constraint was applied because left and right homotopic regions often are highly similar regarding their functional involvement. Our approach avoided this potential redundancy and enforced some more dissimilarity among the two (or more) regions co-activated by any eligible experiment.
The results of these analyses are depicted in Fig. 6 . At the time of analysis, 446 BrainMap experiments activated the CER-related TPJ subcluster (i.e., left OR right posterior TPJ). Forward and reverse inference alike indicated a significant association of this subcluster with social cognition, while forward inference additionally yielded an association with emotion (i.e., the label given to all studies on emotion processing that do not deal exclusively with one of the basic emotions fear/anxiety, happiness, sadness, disgust, or anger). 
Discussion
Networks subserving CER or CAR are largely distinct
This study examined to what extent cognitively controlling emotions or actions is subserved by a shared brain network. We provide evidence from three independent sources of data that this is the case only to a rather limited degree. First, we delineated and compared the sets of brain regions activated during CER and CAR by conducting two large-scale neuroimaging meta-analyses. The resulting two fronto-parieto-insular CER-and CAR-related networks agree well with previous meta-analyses on either topic (CER: e.g. Buhle et al., 2014; Frank et al., 2014; Kohn et al., 2014 ; CAR: e.g. Cieslik et al., 2015; Levy and Wagner, 2011; Niendam et al., 2012) . And indeed, the two CER-and CAR-related networks may seem rather similar at first sight. A formal conjunction across them, however, revealed that their overlap was restricted to four regions: left and right aI/fO, preSMA/aMCC, and right TPJ. Conversely, meta-analytic contrast analyses demonstrated a broad range of significant differences between the two networks. We conclude that the majority of regions in either network appear to be preferentially associated with either CER or CAR, rather than forming a largely shared domain-general network as previously suggested (e.g., Buhle et al., 2014; Etkin et al., 2016; Rothbart et al., 2011; Schweizer et al., 2013) .
Next, we examined the within-subject distinctness of the evidently domain-specific parts of both CER and CAR networks by assessing resting-state FC between these nodes, given that intrinsic brain connectivity provides an independent means to characterize functional networks (Cole et al., 2014; Langner et al., 2015; Power et al., 2011) . Clustering all domain-specific nodes based on their internodal FC clearly separated CER-from CAR-specific regions (cf. Fig. 4 ). The only minor exception was the inclusion of the CER-specific left aMCC in the largest CAR-related subcluster (comprising parts of bilateral aI, preSMA/aMCC, and right thalamus), which was most likely due to the spatial proximity of the right and left aMCC regions. High FC values between such neighbouring regions may be driven by the spatial smoothness of the hemodynamic response, further adding to the generally strong intrinsic FC between homotopic areas (Stark et al., 2008; Zuo et al., 2010) . Overall, the data-driven hierarchical clustering, obtained from an independent data set, corroborated our meta-analytic contrast results.
Finally, using behavioural domain meta-data of the BrainMap database, we functionally characterized the four domain-general regions as well as the six domain-specific subclusters in an objective, quantitative way. The domain-general regions were associated with "higher level" cognitive categories such as working memory, attention, language, action inhibition and execution, or bodily awareness (pain). Thus, each of these four regions is linked to processes/functions that represent facets of cognitive control, which fits with our meta-analytic results indicating an involvement of these regions in top-down control across domains. The domain-specific clusters, in turn, featured behavioural profiles with only little overlap between CER-versus CAR-related subclusters (cf. Fig. 6 ). In particular, the CER-related subclusters were linked to emotion, social cognition, language, action observation and imagination, while CAR-related subclusters were linked to working memory, spatial cognition, and action execution. This association of CER-related regions with socio-affective processing and of CAR-related regions with primarily non-affective cognitive control, respectively, provides independent support for our meta-analytic and FC-based network differentiation.
Taken together, our data provide conclusive evidence for substantial neurofunctional distinctions between the two regulatory domains. This suggests that CER and CAR differ in many subprocesses, with the BrainMap meta-data providing some strong clues as to the nature of these. Yet, our results also indicate that CER and CAR converge on a significant "common ground," suggesting a shared set of core processes. Since the domain-specific functions of CER-or CAR-related brain regions have been discussed in detail elsewhere (e.g., Buhle et al., 2014; Duncan, 2010; Kohn et al., 2014; Niendam et al., 2012) , we will focus on the domain-independent activity in bilateral aI/fO, preSMA/MCC, and right TPJ, which we propose as the neural substrate of exerting selfcontrol.
A core network for self-regulation
Given the evidence for psychological and neurobiological commonalities among CER and CAR (see Introduction), the limited spatial overlap between the neurofunctional correlates of either domain may come to some as a surprise. Others, however, may be surprised that overlap actually was found in more than one brain region, since initial studies identified the opercular part of right IFG (i.e., ventrolateral prefrontal cortex) as the convergence zone for CER and CAR in the brain (Tabibnia et al., 2011) . Indeed, the meta-analytic overlap in aI/fO observed in our data included part of the (bilateral) opercular IFG, with overlap in the dorsal operculum being largely restricted to the right side. However, a wide variety of research supports a central role in selfregulation for all four shared network parts. First of all, it is hardly surprising that it is these four regions that were found jointly involved across domains, since they form a tightly coupled network , distinct from other subnetworks involved in cognitive control (Dosenbach et al., 2007; Power et al., 2011; Seeley et al., 2007) . More to the point of self-regulation, meta-analytic evidence shows that our four domain-general regions are consistently involved in keeping up attention to intellectually unchallenging, boring tasks . Maintaining attention under such conditions, which are perceived as increasingly aversive, is another domain where selfcontrol is seriously taxed in order to prevent mind-wandering and to stay on the "job." The set of domain-general regions (except for right TPJ) also is consistently linked to another high-level mental function involving effortful cognitive control: working memory (Rottschy et al., 2012) , the training of which has been found to result in improved impulse control in addiction patients (Bickel et al., 2011; Houben et al., 2011 ; see also Wiers et al., 2013) .
Intriguingly, a recent meta-analysis (Goodkind et al., 2015) found the same three regions (i.e., bilateral aI/fO and preSMA/MCC) as the only ones showing consistent differences in gray-matter volume related to mental disorders across a broad range of psychiatric diagnoses (including mood and anxiety disorders, substance use disorders, and schizophrenia). That study also demonstrated that in healthy participants volumetric variance in these regions is linked to executive functioning. Those findings indicate a general association between the integrity of this circumscribed network and highly diverse psychiatric syndromes. Such a few-to-many mapping, in turn, corroborates the idea of a network that is involved in a wide variety of mental (dys)functions as it forms the domain-general core of the top-down regulatory neurocircuitry. These trans-nosologic aberrations in network integrity echo a recent study demonstrating that age-dependent deterioration of FC between CAR-related regions is largely restricted to the same three regions . Conversely, it has been suggested that this network's maturation in children, including the proliferation of Von Economo neurons that are unique to aI and cingulate cortex, may relate to the improvement in self-regulation (or "effortful control") between infancy and later childhood (Posner and Rothbart, 2009 ). We conjecture that individual differences in this network's functional integrity, already present in middle childhood, might underlie the association observed between the tolerated delay of gratification (a marker for self-control) in pre-schoolers and their parent-reported control over negative affect (CER) and ability to concentrate (CAR) during adolescence (Shoda et al., 1990) .
The paramount importance of this set of regions for self-regulation is further supported by studies on brain changes resulting from mindfulness meditation practice, which has been shown to be beneficial for both CER and CAR (cf. Teper et al., 2013 ; see also Tang et al., 2015) : Again, these changes are predominantly found in aI, preSMA/MCC, and TPJ, beside structures of the fronto-limbic and default-mode networks (Hölzel et al., 2011) . Based on the above evidence, we propose that it is the shared core network that mediates across-domain transfer effects of training procedures that (initially) target only CER or CAR abilities, respectively.
Limitations and functional considerations
In spite of the converging evidence obtained by the different analyses, some limitations are worth noting. First, our analysis did not differentiate between the various subtypes of CER or CAR, although it has been shown that different strategies may entail somewhat different brain activation patterns Dörfel et al., 2014 ; see also Egner, 2008) . Rather, we sampled data from a broad range of paradigms taxing either CER or CAR in order to distil brain activation that is consistent across various conceptual subcategories and task types in either domain. This way we aimed to obtain activity estimations that are less affected by strategy/task idiosyncrasies and thus correspond more closely to the high-level constructs of CER and CAR. And while reappraisal and Stroop-type conflicts constitute the most frequent paradigms in our sample, possibly introducing a bias toward these, our main effects agree well with previous meta-analyses using different selection criteria, indicating robustness against such biases. This conclusion is also supported by the high comparability of results obtained in the full versus stratified CAR sample, as the stratification removed any frequency bias for a given task.
Furthermore, the exact nature of the presumably highly abstract processing subserved by the domain-general network cannot be as well derived from the BrainMap meta-data as can more concrete domainspecific subprocesses. Ascribing particular processing steps involved in self-regulation to each of the four domain-general regions would therefore remain rather speculative. Psychological research, however, has successfully applied the cybernetic control-theory framework to obtain a more detailed picture of how self-regulation might be implemented at the computational level (Baumeister and Heatherton, 1996; Scheier, 1981, 1982; Zelazo and Cunningham, 2007) . The core idea of this framework is that control is achieved via iterative negative feedback loops that keep emotional and behavioural impulses in check (i.e., in line with a given "higher" goal). In particular, the control-theory approach poses that successful self-regulation entails the following subprocesses (Baumeister and Heatherton, 1996; Hofmann et al., 2012) : (i) monitoring the current state against the representation of an intended "standard" (i.e., the goal) to become aware of any discrepancy between goal state (adequate response) and actual state (inadequate response tendency), (ii) expending the necessary effort for top-down adjustments to remove or reduce any perceived discrepancy, and (iii) updating the current state representation and evaluating it against the goal state and the effort invested.
These processing steps generally agree with our functional decoding results as well as with functions previously ascribed to one or several of the four domain-general brain regions. Such functions, usually defined rather broadly, with relevance to self-control include task-set activation and maintenance (Dosenbach et al., 2006 (Dosenbach et al., , 2007 , schema energization and monitoring Stuss et al., 1995) , salience detection (Seeley et al., 2007) , bodily awareness (Craig, 2002; Critchley et al., 2004) , alertness/arousal regulation (Critchley et al., 2002; Langner et al., 2012; Sadaghiani and DöEsposito, 2015) , action outcome prediction and evaluation (Alexander and Brown, 2011; Silvetti et al., 2011) , contextual updating (Geng and Vossel, 2013) , and effort investment (Engström et al., 2014; Fischer et al., 2008; Prévost et al., 2010) . We consider these attempts to verbally summarize complex, highly abstract cognitive processes as useful global approximations. Control theory, in turn, provides a computational framework that may allow integrating these perspectives and enable future research to test more specific hypotheses about the neural implementation of these interacting subprocesses, which, in their entirety, make up the core of successful self-control.
Conclusions
Our results indicate limited commonalities and important differences between CER and CAR, suggesting that both regulatory facets are akin to each other but not alike: they appear to share a common core, yet they also involve several distinct subprocesses. We propose that the four regions jointly involved in both CER and CAR (i.e., bilateral aI/fO, preSMA/aMCC and right TPJ) represent the neural substrate of a general control feedback loop essential to self-regulation across emotion and action domains. This feedback loop is thought to realize the effortful implementation of non-dominant but goal-conducive mental schemata to override spontaneous emotional/behavioural responses to external stimuli, likely mediating previously shown associations between emotion and action regulation abilities in health and disease. The observed brain activity differences between the two aspects of selfregulation, in turn, reflect how those goal-oriented schemata are put into effect: via driving semantic, evaluative and imagery-based processing to modulate affective responses versus driving spatial-attentional, working-memory and action-execution-related processing to modulate behavioural responses.
